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Abstract
The rapid advances in Web technologies are promoting the development of new pedagogic models
based on virtual teaching. In this framework, personalized services are necessary. Recommender
systems can be used in an academic environment to assist users in their teaching-learning processes.
In this paper, we present a trust based recommender system, adopting a fuzzy linguistic modeling,
that provides personalized activities to students in order to reinforce their education, and applied
it in the field of oral surgery and implantology. We don’t take into account users with similar
ratings history but users in which each user can trust and we provide a method to aggregate the
trust information. This system can be used in order to aid professors to provide students with a
personalized monitoring of their studies with less effort. The results obtained in the experiments
proved to be satisfactory.
Keywords: recommender system, e-learning, fuzzy linguistic modeling, oral surgery.
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1 Introduction
The great advances in Web technologies are promoting the development of new pedagogic models
that complement the present education [11]. The new technologies improve the teaching-learning
processes, aiding the information broadcasting in an efficient and easy manner, and providing tools
for the personal and global communications that allow encouraging the collaborative learning [3, 19].
In this academic scope, personalized education [16] can be very helpful aiding students to reinforce
the areas where it is necessary some help as well as maximizing those where they have potential.
Education must also have the ability to adapt itself to the necessities of the student dynamically.
Recommender systems seek to discover information items that are valuable to the users. They
may be considered personalized services because they have an independent profile for each user [2, 4,
20]. Therefore these systems need some information about every user, such as the ratings provided
by the users about the analyzed items. This need for information introduces the requirement for
the system to maintain users’ profiles containing the users’ preferences or needs. Another aspect
to take into consideration is which additional information is required by the system, and how this
information is processed and managed to generate a list of personalized recommendations. One of
the mostly used methods to generate recommendations is the collaborative approach in which the
recommendations provided to a particular user are based upon the ratings provided by those users
with similar profiles. In this sense, we can use the inherent connectivity from an educational community
to support collaborative approach, where students rate resources and these ratings are shared with a
large community [3, 4].
One key disadvantage of this approach consists of the need of many ratings to obtain a good
performance. But users typically provide just a few ratings, so the systems have difficulties to compute
the similarity between two users [14]. Therefore, collaborative approaches tend to fail in generating
recommendations since they usually fail at obtaining groups of users with similar preferences. Thus,
some improvements need to be introduced to overcome this situation and one promising direction
is to focus on trust, which plays a crucial role in on-line social networks [5], so widespread and
popular today. People tend to rely upon recommendations received from trusted users, such as friends,
more than those generated by automatic systems [18]. In the literature, we can find some proposals
about the incorporation of trust models in recommendation systems [10, 21]. In these systems, the
recommendation engine uses the trusted network between users.
The aim of this article is to present a new fuzzy linguistic recommender system that incorporates
the concept of trust in the recommendations generation engine. This new system is also adapted to
students of Dentistry from the Dentistry School of the University of Granada 1 (Spain). The major
innovations and contributions of the system include:
1. A method to estimate the trust score between two users, because the trusted network can be
huge and most users do not know each other.
2. The provision of reliable personalized information by using a recommendation approach in which
users with similar ratings history or pedagogical needs are not considered, but users in which
each user can trust.
3. Its user-friendly nature, using a multi-granular fuzzy linguistic modeling to improve the repre-
sentation of user preferences and facilitate user-system interactions [9, 12].
4. The ability to use it in any place and at any time, providing to students the necessary freedom
to organize their schedules.
5. The reliability of the information offered and the selection of exercises, endorsed by a team of
experts in oral surgery from the Dentistry School of the University of Granada.
The paper is structured as follows. In Section 2, the preliminaries are presented. Next in Section
3, we describe our proposal. Section 4 addresses the evaluation of the system and finally in Section 5




2.1 Basis of recommender systems
Recommender systems try to guide the user in a personalized way towards suitable tasks among
a wide range of possible options [2, 20]. In order to generate personalized recommendations that are
tailored to the user’s preferences or needs, recommender systems must collect personal preference in-
formation. Taking into account the knowledge source, different recommendations generation methods
can be distinguished [1, 14]. Each approach has certain advantages and disadvantages, depending on
the scope settings. One solution is to use a hybrid strategy combining different approaches in order
to reduce the disadvantages of each one of them and to exploit their benefits[1]. Moreover, the rec-
ommendation activity is followed by a feedback phase in which the users provide the system with
their satisfaction evaluations about the recommended items and the system uses these evaluations to
automatically update user profiles.
2.2 Fuzzy linguistic approach
The fuzzy linguistic approach is a tool based on the concept of linguistic variable proposed by
Zadeh [22]. This theory has given very good results to model qualitative information and it has been
proven to be useful in many problems.
In [6] is proposed a continuous model of information representation based on 2-tuple fuzzy lin-
guistic modelling. To define it both the 2-tuple representation model and the 2-tuple computational
model to represent and aggregate the linguistic information have to be established. Let S = {s0, ..., sg}
be a linguistic term set with odd cardinality. We assume that the semantics of labels is given by means
of triangular membership functions and consider all terms distributed on a scale on which a total or-
der is defined. If a value β ∈ [0, g], and β /∈ {0, ..., g}, we can represent β as a 2-tuple (si, αi), where
si represents the linguistic label, and αi is a numerical value expressing the value of the translation
between numerical values and 2-tuple: ∆(β) = (si, α) and ∆−1(si, α) = β ∈ [0, g] [6]. In order to
establish the computational model negation, comparison and aggregation operators are defined. Using
functions ∆ and ∆−1, any of the existing aggregation operators (such as arithmetic mean, weighted
average operator or linguistic weighted average operator) can be easily be extended for dealing with
linguistic 2-tuples without loss of information [6].
When different experts have different uncertainty degrees on the phenomenon or when an expert has
to evaluate different concepts, several linguistic term sets with a different granularity of uncertainty
are necessary. To manage this situation, in [7] a multi-granular 2-tuple fuzzy linguistic modelling
based on the concept of linguistic hierarchy is proposed. A Linguistic Hierarchy LH, is a set of
levels l(t, n(t)), where each level t is a linguistic term set with different granularity n(t). In [7] a
family of transformation functions between labels from different levels was introduced. To establish
the computational model we select a level that we use to make the information uniform and thereby
we can use the defined operator in the 2-tuple model. This result guarantees that the transformations
between levels of a linguistic hierarchy are carried out without loss of information.
2.3 Trust networks
Trust networks are social networks in which users can explicitly assign trust scores to rate other
users. But trust networks are usually very large and therefore a lot of users don’t even know the vast
majority of other users. For this reason, we need to use a method to estimate the trust degree between
two users. The idea is to search for a path between the two users and propagate the trust degrees
found along the path. Usually, we can find several paths between two users, so we may select the most
relevant and aggregate the propagated trust degrees into the trust degree estimation. An upper path
length limit is typically imposed what is known as horizon, H, and typical values for H are 2 or 3.
To aggregate the propagated trust degrees of the paths found, we use MILOWA, a majority guided
linguistic operator [8]. With respect to the variable inducing the reordering of the set of values to be
aggregated, in a trust network we work with information about reliability, so that we use the average
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global trust of all users of each of the founded path. To compute the global trust of a user we use
PageRank [13] because is one of the most widely used global trust metric.
3 Trust based recommender system to assist dentistry students in
the field of oral surgery and implantology
In this section we present the Web system to assist students from the Dentistry School of University
of Granada. Initially it is oriented to students from these subjects: Oral Surgery I, Oral Surgery II
and Implantology. The system has three main components: videos and resources, student profiles and
the method for generating recommendations.
3.1 Information representation
In order to allow for higher flexibility in the communication processes of the system, different label
sets (S1, S2, ...) are used are selected from among those that compose a LH, i.e., Si ∈ LH. The
different concepts assessed in the system are the following:
• Degree of trust of a student relative to another, which is labelled in S1.
• The predicted degree of relevance of a resource for a student, which is labeled in S2.
• The degree of satisfaction with a recommended resource expressed by a student, which is labeled
in S3.
• Membership degree of a resource scope or student needs with respect to each of the defined
reinforcing subgroup, which is labelled in S4.
We use 5 labels to represent the degrees of trust, satisfaction and membership to reinforcing
subgroup (S1 = S5, S3 = S5 and S4 = S5) and 9 labels to represent the predicted relevance degrees
(S2 = S9). The linguistic terms in each level are the following ones:
• S5 = {b0 = None = N, b1 = Low = L, b2 = Medium = M, b3 = High = H, b4 = Total = T}
• S9 = {c0 = None = N, c1 = V ery_Low = V L, c2 = Low = L, c3 = More_Less_Low =
MLL, c4 = Medium = M, c5 = More_Less_High = MLH, c6 = High = H, c7 =
V ery_High = V H, c8 = Total = T}
3.2 Resource representation
A multimedia database was developed and contained videos with a wide set of different oral
surgeries or implants for all possible needs inside the subjects covered. Also, different sets of scientific
papers or class notes are introduced into the system. All videos, papers and notes can be combined
among different subgroups, called activities, in the construction of a customized program for each
student. Videos were recorded on real surgeries produced in dentistry’s offices or in university’s labs.
Those activities are the items to be recommended by our system. Each combination of videos, notes
or papers make the different activities suitable for a student with a specific pedagogical need.
Once a teacher creates a new activity into the system, he/she provides the activity with an internal
representation that is mainly based on its appropriateness for each reinforce subgroup. An activity i is
represented as a vector V Ri = (V Ri1, V Ri2, ..., V Ri4), where each component V Rij ∈ S4 is a linguistic




The student profiles are represented by three components: their needs, their degrees of trust in
other students and the satisfaction degrees with the recommended resources. Students must complete
their profiles with the grades obtained in previous subjects related with this oral surgery and implan-
tology. They have to periodically carry out different test to be able of evaluate their abilities. After
obtaining the test results, the teachers assess the membership of the student need in each one of the
four reinforcing subgroups. A student i is represented as a vector V Si = (V Si1, V Si2, ..., V Si4), where
each component V Sij ∈ S4 is a linguistic assessment that represents the degree of how appropriate i
is for each reinforcing subgroup j. Since student are performing test over the whole semester, their
membership to the different subgroup will be changing together with their new results. Besides, the
students explicitly specify their degree of trust on other students using the level S1 of the LH, i.e.,
using one the 5 labels of S5. Finally, as students receive recommendations they are asked to assess
their satisfaction with the recommendations (rc ∈ S3).
3.4 Recommendation approach
As a large number of users have not supplied the trust degrees to many other users, to generate
recommendations, we need a method to estimate the trust degree between users. Then, in order to
estimate the level in which a user u trust in other user v, τu,v, the MLIOWA operator (see Section
2.3) is applied to aggregate the global trust of all users found in the several paths between u and v,
according to the majority [8].
Then, if we wish to estimate or upgrade the relevance of a item i for a user u, the following steps
are performed:
1. Identify the set of trusted users of u, Γu. To do that, we estimate the trust between u and all
other users taking into account the selected horizon, i.e. τu,v ∀v ∈ Υ with v 6= u and Υ the set
of users. As S1 = S5, we consider that the user v is a trusted user of u if the trust degree is
higher than the mid linguistic label.
2. To recovery the assessments provided by the trusted users of u over the item i, i.e., the linguistic
satisfaction assessments sat(y, i) ∈ S3, ∀y ∈ Γu.
3. The item i is recommended to u with a predicted relevance degree prel(u, i) ∈ S2 × [−0.5, 0.5]
which is calculated as follows:
prel(u, i) = xwl ((TFS3S2 (sat(y1, i), 0), TF
S1
S2




where y1, . . . , yn ∈ Γu, xwl is the linguistic weighted average operator and TF tt′ is the transfor-
mation function between a 2-tuple that belongs to level t and another 2-tuple in level t′ 6= t.
4 System evaluation
4.1 Validating the system utility
In the first place, we performed a practical study where a group of 50 volunteers students tested
the system during one semester in different subjects: Oral surgery I, Oral surgery II and Implantology
I. Then, we evaluated the utility of the system based on the results obtained by the students and the
feedback provided. After one semester of usage, the results of the students who used the system were
in average a 15.5% better than the users that only assist to lessons. The linguistic weighted average
of the feedback provided by users on the improvement received by the recommendations were (b50, 7),
that is between medium and high. Therefore, the results demonstrate that the website is not only
positively perceived by its users but also it increases their results compared to the ones who did not
use it.
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4.2 Recommendation approaches evaluation
We also validated the proposed approach with off-line tests, where the Epinions dataset 2 [10] was
used. Due to performance reasons, we reduced the Epinion dataset containing a sample of the first
1000 users and 2000 items. The ratings subset for this reduced subset still contained 7841 ratings and
52548 trust statement values.
4.2.1 Experiments description
To develop the experiments we implemented the approach considering different values for the
horizon, i.e., H = 2, H = 3 and H = 4 (called Trust-H2, Trust-H3 and Trust-H4 ). In order
to compare the results, we also implemented some collaborative approaches. We implemented both
item-based and user-based approaches [1] with different configurations. We’ve also analysed the impact
of having a different number of neighbours on the similarity computation, achieved by using different
values for the variable K, which represents the most similar k-users. Specifically, we used following
values for K: 10, 20 and 50. In addition, we combined these values with two different similarity
metrics, such as Cosine and Pearson. We name Col-It- or Col-Us- the algorithms item and user based
respectively; likewise we added to the algorithm name the suffixes Cs or Ps for Cosine or Pearson
metrics; the last suffix corresponds to the number of neighbours (K10, K20 or K50). Then, we carried
out a 5-fold cross validation process [15] and to measure the accuracy, we adopted the Mean Absolute
Error (MAE) [17].
On the other hand, we also analysed the coverage achieved with each approach [17], i.e., the
proportion of ratings of the validation set the system can generate a prediction for, classifying users
and items into different types [10]. The users are classified in these types: cold start users who provided
from 1 to 4 ratings, heavy raters who provided more than 10 ratings, opinionated users who provided
more than 4 ratings and whose standard deviation is greater than 1.5, black sheep users who provided
more than 4 ratings and for which the average distance of their rating on corresponding item with
respect to mean rating of the item is greater than 1. The items are classified in: niche items which
received less than 5 ratings and controversial items which received ratings whose standard deviation
is greater than 1.5.
4.2.2 Experiments results
Figure 1 shows respectively the MAE and coverage for cosine/Pearson similarity measure for item-
based and users-based collaborative approaches for the different user groups. The MAE obtained is
similar for all combinations (except for small differences), but the coverage is better with the user-
based collaborative approach. In both cases, the higher the number of neighbours, the better the
results, especially in coverage.
Figure 1: MAE and Coverage obtained with differents configurations of collaborative approach.
2http://www.trustlet.org/wiki/Epinions
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Now we analyse the results obtained with the approach based on trust. Figure 2 shows respectively
the MAE and coverage obtained with the new proposal for different horizons. These figures show that
a higher horizon value does not guarantee better results in MAE terms (in fact, the better MAE is
obtained with H = 3), but in coverage. Moreover, a higher horizon value penalizes the time to results
as it implies much higher execution time.
Figure 2: MAE and Coverage obtained with our suggested approach for differents horizons.
Figure 3 show the results of the comparison. We can see that the better MAE is obtained with
item-based collaborative implementation for cold users, but only for very specific situations. However,
in general terms, we see that the new proposal based on trust clearly outperforms the other approaches;
specifically, we have achieved an improvement of 2.71%. But, the best results of our proposal manifest
in terms of coverage because it outperforms the other methods.
Figure 3: Comparison of MAE and coverage between new and the previous schemes.
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5 Concluding remarks
In this paper, we present a trust based fuzzy linguistic recommender system, to provide personalized
activities to students in order to reinforce their individualized education. The main idea consists of
not taking into account students with similar requirements or rating history, but rather trustworthy
students. To achieve this, we have proposed a method to estimate the trust score between a pair of
students. This system is applied in a real environment, providing personalized activities to students in
the subjects Oral surgery I and II and Implantology II of Dentistry degree in the University of Granada
(Spain). The main benefits of this system are the increase of the personalize degree of the education
received by the students that also have the possibility of following the activities anywhere and anytime.
We have evaluated the proposal, and the experimental results demonstrate the good results of the usage
of the system as well as the perception by the students by enhancing the effectiveness of professors
dealing with large group of students.
As future work, we consider to study the possibility of automatize the creation of activities by
the system, based on individual feedback provided by the student of each component of the activities,
as well as let the students create their own activities. Other proposal might be to focus on applying
specific measures of the social networks analysis, exploiting the information represented in the trust
network.
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